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A B S T R A C T
Black carbon is often used as an indicator for combustion-related air pollution. In urban environments, on-road
black carbon concentrations have a large spatial variability, suggesting that the personal exposure of a cyclist to
black carbon can heavily depend on the route that is chosen to reach a destination. In this paper, we describe the
development of a cyclist routing procedure that minimizes personal exposure to black carbon. Firstly, a land use
regression model for predicting black carbon concentrations in an urban environment is developed using mobile
monitoring data, collected by cyclists. The optimal model is selected and validated using a spatially stratified
cross-validation scheme. The resulting model is integrated in a dedicated routing procedure that minimizes
personal exposure to black carbon during cycling. The best model obtains a coefficient of multiple correlation of=R 0.520. Simulations with the black carbon exposure minimizing routing procedure indicate that the inhaled
amount of black carbon is reduced by 1.58% on average as compared to the shortest-path route, with extreme
cases where a reduction of up to 13.35% is obtained. Moreover, we observed that the average exposure to black
carbon and the exposure to local peak concentrations on a route are competing objectives, and propose a
parametrized cost function for the routing problem that allows for a gradual transition from routes that minimize
average exposure to routes that minimize peak exposure.
1. Introduction
Air quality is an important concern in urban regions worldwide.
Especially in densely populated regions, combustion-related air pollu-
tion can be detrimental for human health, potentially causing cardio-
vascular and pulmonary diseases and premature death. Black carbon
(BC), the carbonaceous component of particulate matter (PM) that
absorbs all wavelengths of solar radiation, is often included in epide-
miological studies as an indicator of fine particulate air pollution and is,
for instance, quite consistently found to be associated with cardiovas-
cular health problems (Janssen et al., 2012). As BC is a combustion-
related pollutant, its spatial variability is large in urban areas, even at a
small scale (Van den Bossche et al., 2015). As the variation within a city
might be larger than the variation between cities, it is important to take
within-city variation into account when estimating personal exposure
in epidemiological studies (Maynard et al., 2007; Adar and Kaufman,
2007). Moreover, this variability can be used by decision support sys-
tems that incorporate pollution avoidance or pollution mitigation
strategies by influencing human behaviour.
In this paper, we follow a pollution-avoiding approach and in-
vestigate how a bicycle routing application can assist cyclists in
avoiding locations with high BC concentrations. We focus on BC as it is
a generally accepted indicator of air quality. Moreover, reliable low-
cost mobile measuring devices are generally available. As reported in
(Int Panis et al., 2010; Dons et al., 2012), the exposure of cyclists to BC
in urban environments is considerable. Importantly, when in-
corporating the increased breathing rate whilst cycling, the integrated
BC dose becomes high as compared to other modes of transportation
(Dons et al., 2012). The elevated BC levels can be attributed to the fact
that cyclists drive nearby motorized traffic, a major source of BC, or the
presence of street canyons in cities that prevent BC from dissipating into
the atmosphere (Vardoulakis et al., 2003). Nevertheless, results pre-
sented in several studies still show that the exposure to BC is highly
route- and time-dependent. For example, Okokon et al. (2017) report
that the average BC concentration to which a cyclist is exposed during a
cycling trip ranges from 3.2 to 6.9 µg/m3 with a within-city spatio-
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temporal variability (expressed by the standard deviation on the mean)
ranging from 1.1 to 4.3 (depending on the city). The fact that these
standard deviations are quite large compared to the mean values,
suggests that, for cyclists in particular, the exposure to BC is influenced
by the route that is taken. This suggests that specialized routing algo-
rithms that exploit this variability can propose routes that lead to sig-
nificantly lower BC doses as compared to traditional shortest-path
routes. As reported in multiple studies (see (Hoek et al., 2008) and the
references therein), part of the intra-city variability of BC can be ex-
plained (statistically) by local features that can be extracted from traffic
models, population density maps, or general land-use maps. This sta-
tistical link shows that BC concentrations are, to some extent, pre-
dictable and avoids the need of a dense sensor-network to obtain an
estimate of the BC concentrations along a route.
Black carbon data can be provided in different forms to an end-user.
When one or multiple fixed-position, georeferenced BC sensors are
available within an urban area, the data of these sensors can be used
(after some processing) directly to provide a number of BC time series.
To estimate the BC concentration at locations that lack a nearby sensor,
spatial interpolation techniques or land use regression (LUR) models
are frequently used (Hoek et al., 2008). When used on a spatial grid,
these techniques can be used to construct BC maps. However, as a result
of the high spatio-temporal variability of the BC concentration, a rather
dense network of BC sensors is needed to obtain accurate maps. In
practice, dense networks of static sensors are rarely available. More-
over, w.r.t. the objective of this paper, these sensors are often located at
sites such as roof tops that are farther away from source emissions
(mainly traffic) and therefore are less applicable to estimate road-level
concentrations. As an alternative, mobile BC monitoring strategies are
used increasingly. In these cases, a number of mobile BC sensors, often
combined with a GPS device, are attached to moving vehicles such as
street-cars (Hasenfratz et al., 2015), carried around by pedestrians (Van
den Bossche et al., 2016) or cyclists (Van den Bossche et al., 2015;
Hankey and Marshall, 2015). These mobile sensors generally have a
lower accuracy (compared to more expensive fixed-position sensors)
and sometimes yield noisy measurements. However, as advocated in
(Van den Bossche et al., 2015; Hankey and Marshall, 2015), careful
processing of measurements allows to obtain reliable road-level data
with a high spatial and temporal resolution. For these reasons, mobile
monitoring data are used in this paper. The study area is the city centre
of Ghent, a medium-sized city in Belgium. BC data were collected by
cyclists while driving through the city centre. The resulting data are
used to build and cross-validate a land use regression model for pre-
dicting black carbon concentrations that covers the entire city.
The (land use regression) model described above can be used to
predict road-level BC concentrations and thus predict the concentra-
tions a cyclist is exposed to while cycling. However, to be able to judge
the quality of a route or path from a starting location to a destination,
local BC concentrations need to be aggregated in some manner. An
aggregated value can be obtained by computing the amount of BC a
cyclist will inhale when following the route, a strategy that has for
instance been used in (Hofman et al., 2018) to compare cyclist exposure
to BC along two commuting routes. The inhaled amount on a route
naturally depends on the BC concentration along the route and the
length of the route, which is an interesting property as minimizing the
inhaled amount thus will automatically exclude extremely long routes.
However, from a health perspective, optimal routes are routes with
minimal health risks. The total inhaled amount of BC can be considered
as a proxy for health risk, but does not explicitly account for the in-
fluence of local peak concentrations that have been related to, e.g.,
rapid changes in carotid artery stiffening (Provost et al., 2016). Un-
fortunately, a rigorous model that maps paths and BC concentrations to
health risks does not exist. An alternative strategy would be a multi-
objective approach, where the quality of a path is evaluated on multiple
criteria to build a Pareto front of paths (Müller-Hannemann and Weihe,
2006) and the selection of a ‘best’ path is left to the user's personal
preferences. Unfortunately, such approaches are computationally ex-
pensive. In this paper, we propose to use a parametrized cost function
that allows to select paths that are optimized with respect to length,
inhaled BC and presence of peak concentrations.
2. Materials and methods
2.1. Study area and black carbon measurements
The study area is the city of Ghent, Belgium, a medium-sized city of
260,000 inhabitants (51 3 N, 3 44 E, population density 1700/km2).
Black carbon measurements were obtained during a mobile measure-
ment campaign in Ghent in December 2015. BC concentrations were
measured during the repeated cycling of two (predefined) routes with a
length of 7.0 and 2.0 km, respectively, using a MicroAeth (AethLabs,
2015) instrument taking a measurement every second with a flow-rate
of 150ml/min, and using a GPS device for georeferencing. The two
routes have been completed 9 and 7 times, respectively, roughly
equally spread over morning, noon and evening. These data were
combined with data obtained in a previous measurement campaign
carried out from September 2012 until November 2012, using the same
measurement equipment. The routes of the 2012 campaign include the
routes from the 2015 campaign, but add an additional loop (each loop
was traversed 15 times approximately). The trajectory of these routes is
visualized in Fig. 1. Note that these routes traverse several re-
presentative parts of the city, including high-traffic zones (inner ring
road R4), public parks (Citadelpark, Groenevalleipark) and residential
areas (Coupure links). As a first pre-processing step, potentially erro-
neous BC concentrations were detected and corrected using the Opti-
mized Noise-reduction Averaging (ONA) algorithm (attenuation
threshold of 0.05) (Hagler et al., 2011). Black carbon measurements
(hourly averages) available from a fixed measuring station at Baude-
lopark (IRCEL station 44R701, see Fig. 1) were used as a reference for
Fig. 1. Map showing the study area (map coordinates are in the Lambert 72
coordinate system). The colored dots indicate the positions of the Points Of
Interest (POIs) along the trajectories of the measurement campaigns. Green and
blue dots represent the trajectories included in both measurement campaigns
(the colour is used to discriminate the two loops of the 2015 campaign). Orange
dots indicate an additional loop that was only part of the 2012 campaign. Places
marked with a black dot are used as destinations in the routing experiment. The
background map is extracted from OpenStreetMap. (For interpretation of the
references to color in this figure legend, the reader is referred to the Web
version of this article.)
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atmospheric background correction, and were subtracted from the
ONA-corrected values. This means that, unless stated otherwise, we
model the difference between the observed BC concentration and the
background concentration. To aggregate these measurements, several
points of interest (POIs) were chosen along each route. These points
were equally spread over the routes, with one POI approximately every
50m measured along the route, resulting in a total of 370 POIs. Sub-
sequently, BC measurements were assigned to the closest corresponding
POI, based on the Euclidean distance. Working with POIs instead of
street segment averages simplifies the implementation. Moreover, the
size of the street segments is quite variable, which would result in a
non-constant resolution of the map. For each POI, one black carbon
concentration was obtained by computing the α-trimmed mean
( = 0.5%) on the set of measurements obtained by pooling the mea-
surements of all passings (which is a slight variation of the approach in
(Van den Bossche et al., 2015)). The α-trimmed mean is computed by
removing the 0.5% lowest and 0.5% highest measurements from the
pool and averaging the remaining observations.
2.2. Land use data and feature extraction
Each POI can be characterized by means of a number of local fea-
tures that potentially correlate with BC concentrations measured at the
street level. An overview of the features that are used in this study is
presented in Table 1. Combustion remains the most important source of
BC. Therefore, several features that describe a POI are direct or indirect
measures for the number and type of combustion sources in the
neighbourhood of a POI. Household combustion devices (heating de-
vices) are a first type of BC emitters that are included in this study,
though indirectly, by counting the number of households (feature nr. 1)
within a radius of 100, 300 and 500m around a POI. The data required
for these computations are extracted from CRAB (Agentschap voor
Geografische Informatie Vlaanderen, 2013a; Agentschap voor
Geografische Informatie Vlaanderen, 2013b), which is a geo-spatial
data-layer containing all registered households in Flanders. Similar
features have been used in (Hankey and Marshall, 2015; Van den
Bossche et al., 2018). To obtain more holistic information of the in-
fluence of static sources of BC around a POI, geo-spatial information on
land-use, extracted from Urban Atlas (Union, 2011; European
Environment Agency, 2014), was used, distinguishing between land use
classes park, low-urban and high-urban. Based on these data, the total
area of park, low-urban and high-urban were computed within a radius
of 100, 300 and 500m, respectively, around each POI (features 14–16).
To capture emissions by traffic in a specific area, a traffic model,
developed by Mobiliteitsbedrijf Stad Gent (Puttemans, 2013; Liebens,
2013), was used. The output of the traffic model comprises the traffic
intensity in the morning and evening rush hours. Furthermore, the
traffic model differentiates between the number of trucks and the
number of cars passing by per hour on a specific road segment. The
features that describe the traffic intensity of trucks, cars, and all mo-
torized traffic (features 18, 19 and 17 respectively) are computed as a
weighted sum of the road segment lengths, multiplied with the esti-
mated number of cars passing by per hour, that are located within a
radius of 25, 50, 100, 300 and 500m respectively around a POI.
Vehicular exhausts gradually disperse and dilute into the atmo-
sphere. However, the presence of tall buildings along a road (leading to
so-called street canyons) can block the atmospheric exchange of ex-
hausts. This physical barrier between the streets and the surrounding
atmospheric layers can disturb wind flows and causes air dispersion
patterns that are different from those in a more open terrain (Oke,
1987; Taseiko et al., 2009). Atmospheric dispersion models can be used
to model/predict BC concentrations (Brasseur et al., 2015). However,
these models are computationally demanding and require detailed in-
puts, such as a precise 3D model of a street, and detailed information on
wind speed. As a simpler alternative, we include the sky view factor as a
feature that describes some of these effects. This feature is calculated as
the fraction of sky visible at a given place on earth from the ground up
(Oke, 1987) and can be computed by solely using a digital elevation
model of the city. Because street canyons have a lower sky view factor
compared to open areas, this sky view factor can be linked with the
atmospheric exchange of pollutants (Oke, 1987). For the calculation of
the sky view factor in the study area, the digital height model II of
Flanders, Belgium (DHMV II, DSM, raster, 1 m) (Agentschap voor
Geografische Informatie Vlaanderen, 2014) was used.
A last set of features characterizes the immediate surroundings of a
POI in a different way. These distance-to features (features 2–13) con-
tain the distances to the most nearby park, motorway, pedestrian road,
…. For example, a small value for the distance to nearest park feature,
which expresses the distance between a POI and the most nearby park,
indicates that a POI is probably situated nearby a green area. The in-
formation contained in these features is similar to the information
contained in radius-based features, but can complement the latter by
providing information at a finer scale. Whereas the surface area park
with a given radius characterizes the amount of park area surrounding a
Table 1
Overview of extracted features, with an indication of the data source and choice of the radii around the POIs. Distance features represent the distance to the most
nearby road, cross road or park. CRAB refers to (Agentschap voor Geografische Informatie Vlaanderen, 2013a).
Nr. Feature description Data source Buffer radii [m]
1 Number of households within given radius [Households] CRAB 100, 300, 500
2 Distance to nearest motorway [m] OpenStreetMap Not applicable
3 Distance to nearest trunk road [m] OpenStreetMap Not applicable
4 Distance to nearest primary road [m] OpenStreetMap Not applicable
5 Distance to nearest secondary road [m] OpenStreetMap Not applicable
6 Distance to nearest tertiary road [m] OpenStreetMap Not applicable
7 Distance to nearest service road [m] OpenStreetMap Not applicable
8 Distance to nearest residential road [m] OpenStreetMap Not applicable
9 Distance to nearest living street [m] OpenStreetMap Not applicable
10 Distance to nearest pedestrian road [m] OpenStreetMap Not applicable
11 Distance to nearest track [m] OpenStreetMap Not applicable
12 Distance to nearest cross road [m] OpenStreetMap Not applicable
13 Distance to nearest park [m] Urban Atlas Not applicable
14 Surface area park within a buffer [m2] Urban Atlas 100, 300, 500
15 Surface high-urban area within a buffer [m2] Urban Atlas 100, 300, 500
16 Surface low-urban area within a buffer [m2] Urban Atlas 100, 300, 500
17 Sum of (traffic intensity * road length) in a buffer [Veh day m1 ] Traffic model 25, 50, 100, 300, 500
18 Sum of (truck intensity * road length) in a buffer [Trucks day m1 ] Traffic model 25, 50, 100, 300, 500
19 Sum of (cars intensity * road length) in a buffer [Cars day m1 ] Traffic model 25, 50, 100, 300, 500
20 Sky view factor DHMV II Not applicable
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POI, the distance to nearest park feature can discriminate between POIs
directly bordering a park and POIs that are nearby yet clearly separated
from a park. These distances were computed based on a geospatial layer
extracted from OpenStreetMap. More specifically, the highway-key was
used here for features 2–12. Feature 13 was computed using Urban
Atlas data.
Feature extraction was performed in Python 3.4 (Python Software
Foundation, 2015) using the packages Shapely, Geopandas and Pandas.
Computation of the sky view factor and initial processing of Open-
StreetMap data were performed with QGIS (QGIS Development Team
and Open Source Geospatial Foundation, 2015).
2.3. Land use regression for BC modelling
Several regression techniques are compared to build a statistical
model that can be used to predict BC concentrations at the street level
using the land use features described in the previous section as input.
Multiple linear regression, forward (FSR) and backward (BSR) stepwise
regression, which are popular linear LUR techniques, were compared
with a number of regularized linear regression techniques that are
commonly used in machine learning literature: ridge regression (RR)
and lasso regression. Moreover, as it can be assumed that the optimal
model is a non-linear function of the features, the non-linear regression
techniques K-Nearest Neighbours (KNN) regression, regression trees,
random forests and support vector regression (SVR) with a polynomial
kernel were included in this study as well. To train/tune the models and
to obtain an unbiased estimate of the performance (mean squared error
(MSE) is used as a performance measure), a spatially stratified 4-fold
nested cross-validation (SNCV) scheme was applied. Even though land
use regression studies often use MSE on the training set and/or tradi-
tional cross-validation schemes such as leave-one-out cross-validation
or 10-fold cross-validation (Hoek et al., 2008; Hasenfratz et al., 2015),
we choose a slightly more complicated stratified scheme. Indeed, the
presence of spatial correlation between BC values at two nearby POIs
can lead to a violation of the assumption of independence between
training and testing set. The absence of this independence potentially
leads to biased performance estimates (Van den Bossche et al., 2018).
The SNCV scheme (implemented in R (R Core Team, 2015)) that was
used is described hereafter:
1. The part of the study area containing the monitoring routes was
partitioned in four regions. The partitioning was made such that
park areas, high-traffic areas and residential areas are represented in
each partition. The resulting sets of POIs are called folds 1, …, 4.
This partitioning is shown in Fig. 2
2. One of the folds is selected and referred to as the testing set, the
remaining folds are referred to as the training set.
(i) For multiple linear regression, forward and backward stepwise
regression and random forests, model parameters are estimated
using the entire training set. KNN with number of neighbours=K 1 and =K 5 also use the entire training set.
(ii) Regression trees (R package rpart), ridge regression, lasso re-
gression (R package lars) and support vector regression (SVR)
(R package e1071) have tuning parameters that need to be
optimized. Optimal values were computed using a (traditional)
3-fold cross-validation scheme on the remaining three training
folds. A final model is fit, using the optimized value for the
tuning parameter, on the full training set.
(iii) The final models are used to predict the BC concentrations at
the POIs in the test fold, and the MSE is computed for this fold.
3. Step (2) is applied to each fold.
Following recommendations in (Demšar, 2006; Bouckaert, 2003) a
Friedman test was used as an omnibus test to compare performances,
where folds are treated as blocks and the MSEs per fold-technique
combination are the observed values. Subsequently, Conover post-hoc
tests were performed (using the R package PMCMR). This cross-vali-
dation scheme was also used to compare the importance of the different
features in the regression models. However, to be able to use the size of
the regression coefficient as a measure of importance, the cross-vali-
dation procedure was rerun on a standardized version of the dataset.
2.4. Street-level BC map and routing
To obtain a street-level map of predicted BC concentrations, a large
number of POIs were selected, using a strategy similar to the selection
of POIs along the monitoring routes. A geospatial layer containing the
street network of Ghent was extracted from OpenStreetMap, and every
50m a POI was selected. At every POI the features in Table 1 were
Fig. 2. Partitioning of the POIs into four folds (Fold 1: green, Fold 2: purple,
Fold 3: red, Fold 4: blue). (For interpretation of the references to color in this
figure legend, the reader is referred to the Web version of this article.)
Fig. 3. Example of a weighted graph. The weight of an edge i j( , ) represents the
BC concentration associated with that edge (ci j, in Eq. (2)).
Table 2
Total costs of three paths from node 1 to node 8 for the graph shown in Fig. 3.
The cost ki j, of edge i j( , ) is computed using Eq. (2) with ci j, equal to the weight
of that edge and i j, for each edge. For =a 0.5 costs are rounded to one
decimal. The path with the lowest cost is indicated in bold. (*) Path costs are
given up to the constant m v60 / .
Total path cost (*)
=a 0 =a 0.5 =a 1 =a 2
Top path (1, 2, 3, 8) 3 5.2 9 27
Central path (1, 4, 5, 8) 3 4.6 9 51
Bottom path (1, 6, 7, 8) 3 4.7 8 30
A. Van den Hove, et al. Environmental Research 183 (2020) 108619
4
computed and used to predict the local BC concentration with the op-
timal LUR model. The BC aware routing problem was implemented as a
special case of the shortest path problem, that is solved using the graph-
based implementation of the Dijkstra algorithm (Dijkstra, 1959). To
apply the algorithm, the geospatial layer containing the streets of Ghent
was transformed into a weighted graph, where street segments are the
Fig. 4. Exploratory plots of the (spatial) distribution of BC and LUR features.
Table 3
Pearson correlation coefficients ( BC), with R2- and p-values, between a number of extracted features and 5% trimmed mean BC concentrations at each POI
(computed on =n 370 POIs). The last three columns show the average regression coefficients for each feature (for ridge regression, lasso and forward stepwise
regression) based on the spatially stratified cross-validation scheme (computed after rescaling all features to have unit variance). For the radius-based features, only
the results for the smallest radii are shown. Suppl. Table 1 shows an extended version of this table.
Nr Feature name BC R2 p-value Av. coef RR Av. coef Lasso Av. coef FSR
1 Number of households 100m 0.0776 0.0060 0.1362 0.0132 0.0000 0.0000
2 Number of cars 25m 0.5238 0.2744 0.0000 0.0392 0.0000 0.0000
3 Number of vehicles 25m 0.5276 0.2783 0.0000 0.0393 0.1172 0.1276
4 Number of trucks 25m 0.5404 0.2920 0.0000 0.0407 0.2420 0.3807
5 Distance cross road −0.3636 0.1322 0.0000 −0.0227 0.0000 0.0000
6 Distance living street −0.1303 0.0170 0.0121 −0.0158 −0.0139 0.0000
7 Distance motorway −0.0858 0.0074 0.0994 −0.0002 0.0000 0.0000
8 Distance park 0.1916 0.0367 0.0002 0.0223 0.0000 0.0000
9 Distance pedestrian road 0.1593 0.0254 0.0021 0.0029 0.0000 0.0000
10 Distance primary road −0.2221 0.0493 0.0000 −0.0042 0.0000 0.0000
11 Distance residential road −0.0949 0.0090 0.0681 −0.0109 0.0000 0.0000
12 Distance secondary road 0.0806 0.0065 0.1219 0.0060 0.0015 0.0000
13 Distance service road 0.0988 0.0098 0.0576 0.0203 0.0517 0.0000
14 Distance tertiary road −0.3933 0.1547 0.0000 −0.0427 −0.1733 −0.0894
15 Distance track 0.0575 0.0033 0.2701 0.0101 0.0000 0.0000
16 Distance trunk road −0.2145 0.0460 0.0000 −0.0138 0.0000 0.0000
17 Surface area high-urban area 100m 0.0605 0.0037 0.2460 0.0105 0.0000 0.0000
18 Surface area low-urban area 100m 0.1900 0.0361 0.0002 0.0182 0.0531 0.2500
19 Surface area park 100m −0.3168 0.1004 0.0000 −0.0257 −0.0084 0.0000
20 Sky view factor 0.1174 0.0138 0.0239 −0.0098 −0.0098 0.0000
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edges and the endpoints of these segments, typically crossroads, are the
nodes (using the Python package networkx). The traditional shortest
path problem formulation uses the length of a road segment for the cost
of traversing the corresponding edge, and finds the least-cost path, i.e.,
shortest path, between two specified nodes. Hereafter, we use i j, to
denote the length of edge i j( , ) and use ki j, to denote the cost of tra-
versing that edge. For the traditional shortest path problem, ki j i j, , .
To make the problem BC aware, in this paper, the cost ki j, of an edge
i j( , ) is an estimate of the total amount of BC (μg) a cyclist inhales when
traversing that edge, computed using the following formula:
=k m c
v
60 ,i j i j
i j
, ,
,
(1)
where m is the minute ventilation, i.e., the amount of air a cyclist in-
hales while cycling, which was fixed at 52.65 10 m /min3 3 ; ci j, is an es-
timate of the average BC concentration (µg/m3) for edge i j( , ) which is
computed as the arithmetic mean of the predicted BC concentrations at
the POIs on the corresponding line segment; i j, is the length (km) of
line segment i j( , ) and v is the cycling speed, which is fixed at 17.5 km/h.
The values for m and v are (averaged values of women and men) de-
rived from a study of Int Panis et al. (Int Panis et al., 2010).
The BC-aware variant of the shortest path problem described above
can be used to find routes with minimal inhaled BC. However, more
flexibility might be desired for at least the following reasons: (1) cyclists
might only tolerate a minor increase of the path length as compared to
the shortest path; and (2) cyclists might want to avoid peak con-
centrations along the path and might be willing make a detour instead.
Both demands can be met by using the following parametrized version
of Eq. (1):
=k m c
v
60 ,i j i ja
i j
, ,
,
(2)
where +a is a parameter (a dimensionless exponent) that can be
used to steer the trade-off between path length and BC exposure. Two
special cases, =a 0 and =a 1, are considered first.
• When =a 0, the cost of traversing i j( , ) simplifies to m60 vi j, , whichis proportional to the edge length. Therefore, the least-cost path
coincides with the shortest path.• When =a 1, Eq. (2) reduces to Eq. (1). The least-cost path thus
corresponds to the path that minimizes the inhaled amount of BC.
These cases illustrate that this parametrization allows to capture the
trade-off between path length and exposure to BC. By varying
a ]0,1[, this trade-off can be exploited to construct a set of paths of
varying length and BC exposure. From Eq. (2) it is clear that, by de-
creasing a, the factor ci ja, that is responsible for the BC concentration will
approach one, thus reducing the influence of the BC concentration on
the cost. When +a ]1, [, the exponentiation will increase the in-
fluence of the BC concentration on the cost (and thus reduce the in-
fluence of i j, ).
The exponentiation also determines how the presence of peak
concentrations influences the cost of a path. As an illustration, consider
the weighted graph shown in Fig. 3. In this example all edges have the
same length, i.e., =i j, for all edges i j( , ). Table 2 shows the cost of
each path from node 1 to node 8 computed using Eq. (2) for =a 0, 0.5,
1 and 2 (up to the constant m v60 / ). As these paths have the same
lengths, it is trivial to see that the total costs of the paths are equal when=a 0. When comparing the top path with the central path, it is clear
that both paths lead to the same inhaled amount of BC (case =a 1).
However, for the top path the concentrations are uniformly spread over
the edges, whereas the central path exhibits a peak concentration at the
last edge. The case where =a 2 clearly illustrates that peak con-
centrations are penalized when >a 1 and thus will be avoided in these
cases. Notably, when <a 1 caution is needed as paths with (a limited
number of) peak concentrations can, perhaps unwillingly, become more
attractive. This example also shows that the cost of a path as compared
to its competitors largely depends on a.
To investigate the reduction in BC exposure that can be obtained
when using BC aware routing, eight popular locations in Ghent were
selected that are spread around the city. These places include popular
shopping areas (Shopping centre Gent Zuid and Veldstraat), a recreation
area (Blaarmeersen), a site at the city harbor (Dok), a university campus
(campus Coupure), the University Hospital and the main railway station
(Gent Sint-Pietersstation). The location of these sites is shown on the map
in Fig. 1. Moreover, cycling is an important mode of transportation
between these locations. By varying the value of the exponent a be-
tween 0 and 20 with a step size of 0.2, a multitude of optimal paths
Table 4
Performance results (mean squared error (µg/m³)² on hold-out set) of all re-
gression techniques using the spatially stratified cross-validation scheme. The
Mean column is the average of the MSE over the four folds. R denotes the
coefficient of multiple correlation computed on the set of predictions obtained
by pooling all out-of-sample predictions (thus using 370 values).
MSE MSE MSE MSE MSE R
Fold 1 Fold 2 Fold 3 Fold 4 Mean Total
(µg/m3)2 (µg/m3)2 (µg/m3)2 (µg/m3)2 (µg/m3)2 –
Linear regression 93.165 10.815 33.751 11.806 37.384 0.221
Forward stepwise
regression
3.710 3.687 9.141 5.899 5.609 0.489
Backward
stepwise
regression
3.615 3.837 8.510 5.769 5.433 0.520
Ridge regression 3.940 4.323 7.379 6.439 5.520 0.457
Lasso regression 3.354 4.731 7.470 7.051 5.652 0.450
SVR 10.286 3.522 8.343 6.215 7.091 0.333
Regression trees 4.099 5.141 12.833 6.565 7.160 0.319
Random forests 3.723 4.785 10.712 5.914 6.284 0.411
KNN regression
(K=1)
8.158 9.908 18.760 9.695 11.630 0.226
KNN regression
(K=5)
6.724 6.498 18.211 7.375 9.702 0.170
Table 5
p-values Conover post-hoc test. p-values that indicate a significant difference between the performances of two regression techniques (significance level 0.05) are in
bold. LR: Linear regression, Trees: Regression trees, RF: Random forests, SVR: Support vector regression, KNN: K-nearest neighbours.
Method LR FSR BSR RR Lasso SVR Trees RF KNN (K=1)
FSR 0.0009 – – – – – – – –
BSR 0.0004 1.0000 – – – – – – –
RR 0.0040 1.0000 1.0000 – – – – – –
Lasso 0.0040 1.0000 1.0000 1.0000 – – – – –
SVR 0.0100 1.0000 1.0000 1.0000 1.0000 – – – –
Trees 0.4528 0.4528 0.2170 1.0000 1.0000 1.0000 – – –
RF 0.0251 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 – –
KNN (K=1) 1.0000 0.0100 0.0040 0.0384 0.0384 0.0901 1.0000 0.2170 –
KNN (K=5) 1.0000 0.0582 0.0251 0.2170 0.2170 0.4528 1.0000 0.9155 1.0000
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between these locations were computed. For each path, the total length,
inhaled amount of BC and highest BC concentration were computed and
compared.
3. Results and discussion
3.1. Black carbon concentration and features
Fig. 4a shows a histogram of the 5% trimmed means of the observed
BC concentrations at all POIs, the range of BC concentrations was [0.8,
20.9] (mean= 4.9 µg/m3 ). A variogram of the BC concentrations re-
veals a spatial autocorrelation between BC concentrations. The largest
increase in variance occurs up to 200m and after 400m, the BC con-
centrations are no longer autocorrelated. Fig. 4b shows the spatial
distribution of the 5% trimmed means of the BC concentrations at each
POI along the three routes included in the mobile measurement cam-
paigns. Moreover, Fig. 4c and d shows the computed values of feature
18, describing the truck intensity, and feature 20, the sky view factor, at
these POIs. A visual comparison of Fig. 4b and c suggests a rather strong
link between the amount of heavy traffic and black carbon. On the
other hand, a comparison of Fig. 4b and d, suggests a much weaker link
between BC and the sky view factor. The (univariate) correlation re-
sults, shown in Table 3, confirm and extend these findings. Firstly, it
can be seen that the traffic-related features (number of cars, vehicles
and trucks within a radius of 25m) correlate positively and quite
strongly (and highly significantly) with BC. Also the features that show
a strong negative correlation with BC, e.g. distance to nearest tertiary
road and distance to nearest cross road, are traffic-related. From the
features that are not directly traffic-related, surface area park within a
buffer of 100m is most strongly correlated with BC. Additionally, the R2
measure (identical to the squared correlations in this case) indicates
that approximately one third of the variability of BC can be explained
by a model that uses only one feature (number of cars, trucks or ve-
hicles within 25m). These findings are in line with the results found in
road-side monitoring studies, such as de Miranda et al. (de Miranda
et al., 2017), where the authors conclude that (local) on-road sources
are responsible for over sixty percent of the total amount of BC. Within
this group of emitters, heavy duty vehicles contribute most strongly to
BC.
3.2. Land use regression
Table 4 shows the performance of the different LUR techniques
using the nested 4-fold cross-validation scheme. With an average MSE
of 5.433, BSR is the best performing regression technique in this study.
However, the difference between ridge regression, lasso regression, and
even forward stepwise regression is rather limited. Indeed, when the
individual folds are considered, there seems to be no systematic pre-
ference towards one of these techniques. When the coefficient of mul-
tiple correlation is used as a performance measure, BSR only slightly
outperforms ridge regression, lasso regression and FSR. This is also
reflected in the p-values of the statistical comparison of the regression
techniques. Even though the omnibus Friedman test ( =(9) 26.3452 ,=p 0.0018) reveals a statistically significant difference when comparing
all regression techniques, the Conover post-hoc tests (Table 5) cannot
find a statistically significant difference between these techniques.
Note, however, that the power of the post-hoc tests is rather limited,
given the limited number of folds combined with the non-parametric
nature of the tests. This similarity is not unexpected, as ridge regression
and lasso regression are both regularized linear least squares methods
that only differ in the way the regularization is implemented (L2-norm
Fig. 5. Diagnostic plots of lasso LUR model. (a) Histogram of the errors made by the lasso LUR model (based on stratified 4-fold cross-validation). (b) Scatter plot of
predicted (using lasso LUR model) versus observed, background-corrected BC concentrations at all POIs (Fold 1: green, Fold 2: purple, Fold 3: red, Fold 4: blue). (For
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
Fig. 6. Predicted black carbon map of city region of Ghent. The color code
represents the black carbon concentration in µg/m3. Predictions were made
using Eq. (3). However, to enhance the interpretability, the average background
(average over the entire campaign) of 2.3 µg/m3 was added to the predicted
values. The resulting map thus contains estimates of the average BC con-
centration at each POI.
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versus L1-norm). Also the forward/backward selection procedures can
be interpreted as heuristics for solving the L0 regularized least squares
problem (Li et al., 2018).
Considering the remaining regression techniques in Table 4, it is
overly clear that multiple linear regression has an exceptionally high
MSE. This shows that regularization is extremely important to obtain
good models. The need for regularization can be explained by the re-
latively high dimensionality of the data (40 features) compared to the
number of POIs in the training set(s) (roughly ×3/4 370 per fold). In-
terestingly, when comparing KNN with =K 1 and =K 5, the same
conclusion holds. As the increase of K can be interpreted as a form of
regularization, it can be concluded as well that regularization improves
performance. More importantly, however, it can be seen that the non-
linear techniques have lower performances overall than the regularized
linear techniques. Even for SVR, where both the degree of the poly-
nomial kernel and the regularization constant were tuned, the first-
order model, i.e., the linear model, attained the lowest MSE. Therefore,
we conclude that even mildly non-linear models fail to improve upon
the linear models. This observation suggests that, even though the link
between some features and BC is most logically non-linear, the col-
lected data are not rich enough for the detection of, perhaps mildly,
non-linear patterns.
The importance of the features within the regression models can be
assessed using the model coefficients. For each fold within the cross-
validation scheme, the regression coefficients of the optimal model
were computed. Table 3 shows the average (over the four folds) of these
Table 6
Black carbon exposure and length of the BC-optimal and distance-optimal paths that connect several popular locations in Ghent. The column BC exposure contains the
total exposure associated with a path and is the sum of exposures of all edges (computed using Eq. (1)) of that path. Column Highest BC contains the highest
(estimated) BC concentration that is encountered when traversing this path. The last two columns contain the increase/decrease of the exposure and path length
relative to the shortest path.
Itirenary BC-optimal path Distance-optimal path Decrease BC
Exposure (%)
Increase path
length (%)
Starting location Destination BC exposure
(µg)
Path length
(km)
Highest BC
µg m( / )3
BC exposure
(µg)
Path length
(km)
Highest BC
µg m( / )3
Blaarmeersen Veldstraat 2.084 2.791 6.125 2.121 2.667 5.124 1.75 4.65
Blaarmeersen Vrijdagmarkt 2.582 3.573 6.125 2.619 3.449 5.124 1.42 3.60
Campus Coupure Gent Sint-
Pietersstation
2.135 2.568 6.125 2.135 2.568 6.125 0.00 0.00
Campus Coupure Shopping centre
Gent Zuid
1.520 2.215 5.014 1.536 2.167 4.881 1.04 2.25
Dok (harbor) Blaarmeersen 3.813 5.066 6.125 3.850 4.942 5.818 0.96 2.51
Dok (harbor) University Hospital 4.154 5.338 6.222 4.481 5.113 7.113 7.29 4.39
Dok (harbor) Veldstraat 1.729 2.275 5.818 1.729 2.275 5.818 0.00 0.00
Gent Sint-Pietersstation Shopping centre
Gent Zuid
2.069 2.600 6.125 2.069 2.600 6.125 0.00 0.00
Gent Sint-Pietersstation Vrijdagmarkt 2.273 3.031 6.125 2.273 3.031 6.125 0.00 0.00
Shopping centre Gent
Zuid
Dok (harbor) 2.074 2.701 5.554 2.090 2.640 5.818 0.76 2.30
Shopping centre Gent
Zuid
University Hospital 2.592 3.246 6.222 2.991 3.236 7.113 13.35 0.31
University Hospital Campus Coupure 3.251 4.064 6.222 3.251 4.064 6.222 0.00 0.00
University Hospital Vrijdagmarkt 3.265 4.211 6.222 3.265 4.211 6.222 0.00 0.00
Veldstraat Gent Sint-
Pietersstation
1.775 2.249 6.125 1.775 2.249 6.125 0.00 0.00
Veldstraat Shopping centre
Gent Zuid
0.883 1.210 5.014 0.899 1.162 4.881 1.79 4.19
Veldstraat University Hospital 2.864 3.694 6.222 2.894 3.567 6.222 1.03 3.57
Vrijdagmarkt Campus Coupure 1.077 1.710 3.773 1.077 1.710 3.773 0.00 0.00
Vrijdagmarkt Shopping centre
Gent Zuid
1.309 1.837 4.881 1.318 1.610 5.127 0.65 14.06
Vrijdagmarkt Veldstraat 0.579 0.907 3.773 0.579 0.907 3.773 0.00 0.00
Fig. 7. (a) Black line: distance-optimal path between
Shopping centre Gent Zuid (blue dot) and the
University Hospital (red dot). Green line: BC-optimal
path between these locations. (b) Frequency counts
of the estimated BC-concentrations of the edges that
are encountered when traversing each of the paths.
(For interpretation of the references to color in this
figure legend, the reader is referred to the Web ver-
sion of this article.)
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coefficients for RR, lasso regression and FSR. Note that the data were
scaled before model fitting such that the size of a coefficient can be
considered as a measure for its importance. From the tabulated coef-
ficients, it can be seen that the optimal models obtained with lasso
regression and FSR only use a small subset of the available features.
Often, the features that are considered as important by lasso regression
are also used in the FSR models. As with the correlation results, it can
be seen here as well, that the number of vehicles and trucks within a
small radius around a POI is important to predict the BC concentration.
This consistency also holds for the importance of the distance to tertiary
road feature. Moreover, it can be concluded that combustion by
households, indirectly measured by the number of households feature
(which was found to be a statistically significant predictor in (Saraswat
et al., 2013)) has a very limited predictive power for BC concentrations
at the street level. These observations are in line with findings from the
ESCAPE project (Beelen et al., 2013; Eeftens et al., 2012), where traffic-
related features played an important role in the development of LUR
models. The sky view factor is used less consistently. Whereas this
feature contributes to the RR and lasso regression models, it is unused
for the FSR models. However, an extended table, available as sup-
porting material (Suppl. Table 1), shows that the estimated standard
deviation on this coefficient is 0.01 (RR) and 0.02 (lasso), which is large
compared to its mean value of 0.0098. Therefore, the reliability of this
estimate is rather limited. This can be considered unexpected as the sky
view factor is included here to represent the canyon effect, which has
been shown to be important in approaches based on dispersion models.
Moreover, in observational and data-driven modelling studies, the
presence of street canyons has been shown to correlate with the ob-
served BC concentration (Van den Bossche et al., 2015).
We now consider the practical relevance of the obtained perfor-
mance results. We will mainly focus on the lasso regression model in the
remainder of this section. As a starting point, it can be seen that the
inter-fold variability is quite high. Most notably, fold 3 (MSE=7.470)
clearly has a higher MSE. Considering the average MSE of 5.652 or the
root mean squared error (RMSE) of 2.4 w.r.t. the average BC con-
centration of 4.9 µg/m3, we obtain a coefficient of variation of 0.49,
which is still quite high for practical purposes. However, these results
do allow to distinguish regions with high BC concentrations from re-
gions with low BC concentrations. This conclusion is supported by
Fig. 5a and b which show that most model errors are limited to 2.5
µg/m3. Moreover, the coefficient of multiple correlation of lasso re-
gression ( =R 0.450 or =R 0.2032 ) is slightly lower than the perfor-
mance measures reported in literature (reported values are =R 0.362
(Maynard et al., 2007), =R 0.352 –0.40 (Van den Bossche et al., 2018)).
The results in this study thereby confirm the conclusion in (Van den
Bossche et al., 2018) that LUR models that rely on spatial predictors can
explain part of the (short-term) variance of BC, but that the overall
Fig. 8. (a) Black line: distance-optimal path between
Vrijdagmarkt (blue dot) and Shopping centre Gent
Zuid (red dot). Green line: BC-optimal path between
these locations. (b) Frequency counts of the esti-
mated BC-concentrations of the edges that are en-
countered when traversing each of the paths. (For
interpretation of the references to color in this figure
legend, the reader is referred to the Web version of
this article.)
Fig. 9. Influence of exponent a on the total length (left), amount of inhaled BC (middle) and maximum BC concentration (right) encountered on the optimal paths
connecting: Blaarmeersen & Veldstraat (blue), Dok & Blaarmeersen (orange), dok & University Hospital (green), Shopping centre Gent Zuid & University Hospital
(red), and Veldstraat & Gent Sint-Pietersstation (purple). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of
this article.)
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predictive performance is low.
3.3. Street-level BC map and routing
From the previous analysis, it can be concluded that lasso regression
combines a feature reduction with good predictive performance.
Therefore, this technique was selected to construct a black carbon map
of the entire study area. The entire dataset (all 370 POIs) was used to
train a final model (the regularization parameter was set to the optimal
value obtained with the cross-validation procedure described earlier).
The final linear regression equation is given hereafter:
= + +f x x xx( ) 1.8008 2.8847 10 1.6817 10 1.9979 10 ,3 1 6 2 4 3 (3)
where x1 represents the ‘distance to the closest tertiary road’, x2 the
‘number of vehicles in a radius of 25m’, and x3 the ‘number of trucks in
a radius of 25m’ (note that this model has fewer non-zero coefficients
than the lasso models presented earlier, where average values for each
coefficient were computed using four-fold cross validation). This model
was used to predict the BC concentration at each POI in the study area.
As a post-processing step, the average BC background concentration
observed during the study period ( µ2.3 g/m3) was added to the predic-
tions. Subsequently, negative predicted values (0.49% of the total
number of predictions) were reset to zero. The resulting map is
Table 7
Black carbon exposure and length of the optimal paths for =a 6 that connect several popular locations in Ghent. The column BC exposure contains the total exposure
associated with a path and is the sum of exposures of all edges (computed using Eq. (1)) of that path. Column Highest BC contains the highest (estimated) BC
concentration that is encountered when traversing this path. The last three columns contain the increase/decrease of the exposure, path length en highest BC
concentration relative to the shortest path.
Itinerary optimal path for =a 6 Decrease BC
exposure (%)
Increase path
length (%)
Decrease highest BC
conc. (%)
Starting location Destination BC exposure
(µg)
Path length
(km)
Highest BC
(µg m/ 3)
Blaarmeersen Veldstraat 2.173 3.051 4.587 −2.45 14.41 10.49
Blaarmeersen Vrijdagmarkt 2.671 3.833 4.587 −1.99 11.14 10.49
Campus Coupure Gent Sint-Pietersstation 2.337 3.246 4.918 −9.43 26.40 19.70
Campus Coupure Shopping centre Gent
Zuid
1.629 2.449 5.014 −6.06 13.05 −2.72
Dok (harbor) Blaarmeersen 4.218 5.993 5.554 −9.55 21.26 4.53
Dok (harbor) University Hospital 4.627 6.465 5.554 −3.28 26.44 21.91
Dok (harbor) Veldstraat 2.009 2.866 5.554 −16.18 25.94 4.53
Gent Sint-Pietersstation Shopping centre Gent
Zuid
2.127 2.792 5.014 −2.81 7.37 18.13
Gent Sint-Pietersstation Vrijdagmarkt 2.380 3.292 4.918 −4.68 8.61 19.70
Shopping centre Gent Zuid Dok (harbor) 2.354 3.217 5.554 −12.66 21.86 4.53
Shopping centre Gent Zuid University Hospital 2.883 4.011 5.044 3.61 23.93 29.09
University Hospital Campus Coupure 3.902 5.697 5.044 −20.02 40.20 18.94
University Hospital Vrijdagmarkt 3.598 5.174 5.044 −10.22 22.86 18.94
Veldstraat Gent Sint-Pietersstation 1.882 2.510 4.918 −6.00 11.61 19.70
Veldstraat Shopping centre Gent
Zuid
0.883 1.210 5.014 1.79 4.19 −2.72
Veldstraat University Hospital 3.156 4.458 5.044 −9.04 25.00 18.94
Vrijdagmarkt Campus Coupure 1.077 1.710 3.773 0.00 0.00 0.00
Vrijdagmarkt Shopping centre Gent
Zuid
1.325 1.926 5.014 −0.57 19.61 2.20
Vrijdagmarkt Veldstraat 0.579 0.907 3.773 0.00 0.00 0.00
Table 8
Average BC concentrations (µg m/ 3) for optimal paths (shortest, BC-optimal, 6-optimal (i.e. where =a 6) and 20-optimal) that connect several popular locations in
Ghent.
Itinerary Average BC concentration
Starting location Destination Shortest path BC-optimal 6-optimal 20-optimal
Blaarmeersen Veldstraat 4.406 4.136 3.945 3.833
Blaarmeersen Vrijdagmarkt 4.207 4.004 3.860 3.842
Campus Coupure Gent Sint-Pietersstation 4.607 4.607 3.989 3.876
Campus Coupure Shopping centre Gent Zuid 3.927 3.801 3.685 3.790
Dok (harbor) Blaarmeersen 4.316 4.169 3.899 3.623
Dok (harbor) University Hospital 4.854 4.311 3.965 3.650
Dok (harbor) Veldstraat 4.210 4.210 3.884 3.477
Gent Sint-Pietersstation Shopping centre Gent Zuid 4.408 4.408 4.220 4.028
Gent Sint-Pietersstation Vrijdagmarkt 4.155 4.155 4.005 3.956
Shopping centre Gent Zuid Dok (harbor) 4.385 4.254 4.054 3.587
Shopping centre Gent Zuid University Hospital 5.120 4.423 3.983 4.020
University Hospital Campus Coupure 4.432 4.432 3.794 3.793
University Hospital Vrijdagmarkt 4.295 4.295 3.853 3.852
Veldstraat Gent Sint-Pietersstation 4.373 4.373 4.153 3.950
Veldstraat Shopping centre Gent Zuid 4.286 4.041 4.041 4.063
Veldstraat University Hospital 4.495 4.296 3.921 3.875
Vrijdagmarkt Campus Coupure 3.489 3.489 3.489 3.489
Vrijdagmarkt Shopping centre Gent Zuid 4.534 3.950 3.813 3.952
Vrijdagmarkt Veldstraat 3.536 3.536 3.536 3.512
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presented in Fig. 6. This map clearly shows the importance of traffic-
related features. Indeed, busy roads, such as the ring-road, can be dis-
tinguished clearly (orange-red colours). On the other hand, park areas
are associated with lower BC concentrations (green colour).
The map presented in Fig. 6 was used as a basis for a simulation
study on BC aware routing. The results of this simulation study are
shown in Table 6. In this table, the BC-optimal path represents the op-
timal path when the estimated inhaled black carbon quantity is used as
optimality criterion (using Eq. (1), or Eq. (2) with =a 1), while the
Distance-optimal path represents the optimal path with total path length
as optimality criterion (or using Eq. (2) with =a 0). From this table, it
can be seen that for 10 out of 19 begin/end location combinations, the
BC aware route differs from the route that minimizes the path length.
On average, a reduction of inhaled BC of 1.58% can be obtained. In the
most extreme case, a reduction of 13.35% can be obtained for an in-
crease in distance of only 0.31%. For more modest cases, a reduction of
about 0–2% was observed, with an increase of path length mostly
ranging between 0% and 4% (with an extreme case of 14.06%). The
overall limited increase in travelling distance for paths constructed
using the BC aware criterion can be explained by the structure of Eq.
(1). This equation shows that the length of a road segment influences its
associated weight. Therefore, when minimizing the BC criterion, as a
side effect, short paths will generally be preferred to longer paths.
Figs. 7a and 8a can be used to visually compare the BC-optimal path
with the distance-optimal path. From Fig. 7a, it can be seen that main
roads are preferentially avoided when the BC exposure is minimized.
Fig. 10. (a) Black line: distance-optimal path between Dok (harbor) (blue dot) and the University Hospital (red dot). Green line: BC-optimal path between these
locations. Blue line: Optimal path for =a 6. (b) Blue line: Optimal path for =a 20. (c) Box plots the estimated BC-concentrations of the edges that are encountered
when traversing each of the paths.
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However, significant parts of the routes still coincide.
The histograms of the BC concentrations along the optimal paths
shown in Figs. 7b and 8b suggest that changing the optimality criterion
will cause a shift in the distribution of the encountered BC concentra-
tions. High BC concentrations seem to occur less frequently in BC-op-
timal paths. The short-term exposure to high BC concentrations is thus
reduced when following the BC-optimal path. However, this observa-
tion cannot easily be generalized, as the Highest BC column in Table 6
shows that the highest encountered BC-concentration when traversing
the BC-optimal path is sometimes higher than the highest BC-con-
centration encountered when traversing the distance-optimal path.
Fig. 9 shows the total length, inhaled amount of BC and maximum
encountered BC concentration of the optimal paths obtained when the
cost of an edge is defined by Eq. (2) and varying exponent a between 0
and 20 with a step size of 0.2. Note that the number of start/destination
couples is reduced to a representative subset of those shown in Table 6.
As can be expected, a small change of a does not always lead to a
change of the optimal path, explaining the staircase-like pattern of
these graphs, i.e., every jump in the graph indicates that the optimal
path has changed. Notably, for the start/destination couples included in
this study, the path length is a non-decreasing function of a and is
approximately doubled when comparing the case =a 20 with the
(length-optimal) case =a 0. However, Eq. (2) does not explicitly
enforce this property. A similar observation can be made for the esti-
mated amount of inhaled BC, which is minimized when =a 1, but then
gradually increases. For most start/destination couples, the maximal
estimated BC concentration encountered on a path decreases as a in-
creases, which can be explained by the exponentiation effect that will
dramatically magnify the influence of a peak-concentration on the cost
of an edge. Notably, the rapid decrease of the maximal BC concentra-
tion as a function of a levels off for >a 7. This observation suggests
that, in terms of peak avoidance, there is no need to choose a value for a
that is greater than seven in this study.
The results described above illustrate that a trade-off exists between
several competing objectives. Therefore, an optimal value for a cannot
be given. Based on a visual evaluation of the paths generated using= …a 0, , 20, the value =a 6 was selected as a consensus value that
results in paths that avoid peak concentrations without a dramatic in-
crease of path length. The results in Table 7 show the length, inhaled
amount of BC and maximal BC concentration of the paths that are
optimal for =a 6, as well as the relative increase/decrease of these
properties compared to the shortest path. As the relative decrease in BC
exposure is negative, the inhaled amount of BC for the path that is
optimal for =a 6 is greater than the amount for the shortest path. This
increase is the result of the increased path length. However, for most
start/destination couples, the maximum encountered BC concentration
Fig. 11. (a) Black line: distance-optimal path between Veldstraat (blue dot) and the Sint-Pietersstation (red dot). Green line: BC-optimal path between these
locations. Blue line: Optimal path for =a 6. (b) Blue line: Optimal path for =a 20. (c) Box plots of the estimated BC-concentrations of the edges that are encountered
when traversing each of the paths. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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significantly decreases for =a 6. In two cases, however, an increase of
2.72% is observed. A more detailed analysis (see Suppl. Figure 1) reveals
that the increase of the maximum is compensated by a general down-
ward shift of the distribution of BC concentrations.
Table 8 shows the average BC concentration (µg m/ 3) for the shortest
paths, BC-optimal paths, 6-optimal paths (i.e. with =a 6) and 20-op-
timal paths. Recall that the average background concentration is 2.3
µg/m3. At the road level, BC concentrations are significantly higher
resulting in higher averages shown in Table 8. From the general pattern
in this table, it can be concluded that the average BC concentration
along the optimal route decreases as a increases (even though several
exceptions can be observed).
Fig. 10a–c and Fig. 11a–c shows the paths that are optimal for=a 0, 1, 6 and 20 for two representative start/destination couples: Dok
(harbor)–University Hospital and Veldstraat–Gent Sint-Pietersstation.
Both examples illustrate that choosing =a 6 moderately modifies the
path as compared to the BC-optimal path (for which =a 1), but both
paths still share a significant number of road segments. Nevertheless,
the box plots show a clear downward shift of the distribution of BC
concentrations along the path as compared to the BC-optimal path. For=a 20, the optimal paths deviate quite strongly from the BC-optimal
paths. In both cases, rather extensive detours are present that allow to
reduce the number of road segments with high BC concentrations.
4. Conclusions
In this paper, we have described the development of a roadside
black carbon model and its incorporation in a black carbon aware
routing algorithm. A spatially stratified nested cross-validation experi-
ment showed that regularized linear modelling strategies are most
suited for building LUR models that predict BC. Attempts that allow to
capture non-linearities in the data, and thus improve the predictive
performance, failed. This suggests that the data are not rich enough for
the discovery of non-linear patterns. The best multiple coefficient of
correlation, obtained using BSR, was =R 0.520 ( =R 0.2702 ). This shows
that only a limited amount of the total variability of BC can be ac-
counted for by LUR models. Simulations with a BC-exposure mini-
mizing routing algorithm indicate that the overall reduction of the
exposure of cyclists to BC that can be obtained is limited to 1.58% on
average, but in some extreme cases a larger reduction of up to 13.35%
can be obtained with only a small increase of the travelling distance. By
exponentiating the BC concentration when computing the cost of an
edge, routes can be found that avoid peak BC concentrations in most
cases, but lead to an increase of the amount of inhaled BC.
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